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L. Wang et al. The TP has an average elevation of more than 4000 m above sea level, and contains many mountain glaciers, which are important contributors to both the growth of regional lakes Zhang et al. 2011a; Song et al. 2014) and global mean sea level rise (Jacob et al. 2012; Gardner et al. 2013) . The TP covers numerous lakes with a total area of 4.07 × 10 4 km 2 ). Previous studies have investigated changes in lake level and size which are associated with accelerated glacier melting (Yao et al. 2007; Kang et al. 2009; Zhu et al. 2010; Song & Sheng 2016) , changes in the energy and water cycles (Yang et al. 2011 (Yang et al. , 2013 Unger-Shayesteh et al. 2013 ) and ecosystem (Li et al. 2008; You et al. 2008) . Other researches have focused on explaining the factors driving these changes, specifically glacial meltwater supply caused by global warming and climate-driven precipitation and evaporation changes. Regional changes in these factors can be observed via the spatial and temporal variability of the lakes in different regions of the TP, as many large lakes in the central TP have expanded, since the 1970s (Huang et al. 2011; Liao et al. 2012; Song et al. 2014) , while some lakes demonstrate a decrease in mass in the southern TP (Ye et al. 2007; Zhang et al. 2011a) .
Lake Qinghai, located in the northeast TP, is the largest salt lake in China (average salinity ∼12.5 g L −1 ) and grew differently compared with most other regional lakes, for example, significant shrinkage from the 1950s to 1990s and expansion in the 2000s (Song et al. 2013) . Numerous earlier studies have attempted to monitor water level and area fluctuations of Lake Qinghai using remote sensing techniques including ICESat (Ice, Cloud and land Elevation Satellite) altimetry data and Landsat Thematic Mapper (TM)/Enhanced Thematic Mapper Plus(ETM+) images (Zhang et al. 2011a; Phan et al. 2012; Wang et al. 2013) . In addition to traditional gauge data, water-level changes derived from satellite altimetry data are especially important for the management of water resources affected by climate change. Continuous monitoring provides some parameters of the mass changes in Lake Qinghai, such as the water level, surface area and volume variation based on several satellite altimetry missions (LEGOS/GOHS-Laboratoire d'Etudes en Geodesie et Oceanographie Spatiales, Equipe Geodesie, Oceanographie, et Hydrologie Spatiales), however, high-quality satellite images and data are not sufficient to estimate the total vertically integrated water content from the surface to underground (e.g. surface water, groundwater and soil moisture, etc.), or the total mass balance in the lake (Song et al. 2013) .
Global-scale mass variations related to changes in terrestrial water storage (TWS) are visible in the time-variable gravity field provided by the GRACE satellite mission. Changes in total water storage ( totalWS) monitored by GRACE are sensitive to the TWS integrated through the entire water column. This includes surface water storage ( SurWS), soil moisture storage ( SMS), snow water storage ( SnWS) and groundwater storage ( GWS):
These water storage changes are generally expressed in terms of an Equivalent Water Height (EWH: volume/area of water thickness) or water volume in a basin. Based on these data, several previous studies have revealed changes in the mass balance in the Inner Tibet Plateau and in the High Mountain Asia (HMA) during the last decade (Matsuo & Heki 2010; Yi & Sun 2014) .
The gravity signal of individual regions can be isolated from GRACE gravity coefficients using spatial averaging of kernel, while simultaneously minimizing the effects of observational errors and contamination from surrounding glacial, hydrological and oceanic gravity signals (Swenson & Wahr 2002) . Thus, extracting regional mass anomalies from GRACE data is useful for evaluating changes in the distribution of water in large lakes, as has been done in the great lakes region of East Africa (Swenson & Wahr 2009; Becker et al. 2010) . To confirm the observed gravity increase in the TP being primarily caused by lake storage gain, Wang et al. (2016) compared GRACE and ICESat observations across four subregions of the TP and found an abrupt change in water level of many lakes (i.e. Yaggain Co, Kyebxang Co, Zige Tang Co and Lake Qinghai) in the northeastern region. Importantly, the recent study indicate the ability of GRACE to detect water storage changes in the Longyangxia Reservoir, which shows GRACE data have promising potential in detecting water storage changes in this ∼400 km 2 reservoir or a small signal size is not a restricting factor for detection using GRACE data (Yi et al. 2017) .
While there have been many large-scale regional studies of changes in lake mass, GRACE-based studies examining changes in water storage in specific lakes such as Lake Qinghai are few. One reason is that GRACE observations reflect a sum of many superimposed effects, which are difficult to separate in the data (Song et al. 2015) . In other words, GRACE cannot distinguish between anomalies resulting from different components of totalWS. Another reason is due to the limited spatial horizontal resolution of postprocessed GRACE solutions, which is on the order of ∼300 km and represents an averaging effect which may be different from point measurements (Swenson & Wahr 2002) . To improve the horizontal and vertical resolutions of GRACE data in Land Surface Model (LSM) outputs, the scaling factor approach is used to rescale the TWS estimates (Landerer & Swenson 2012; Long et al. 2015) , and individual components such as groundwater are extracted from GRACE-derived TWS minus the LSM estimates (Rodell et al. 2009; Scanlon et al. 2012; Feng et al. 2013) . Even with these techniques, LSM applications still have significant uncertainty problems such as the lack of model forcing inputs calibrated against in situ measurements, which restricts the comparative analysis in the TP.
This study focuses on Lake Qinghai (Fig. 1) , for which we develop a simple framework to estimate water storage variations in individual regions while simultaneously minimizing the effects resulting from uncertainties of GRACE observations and other factors related to the surrounding glacial, snow, hydrological and anthropogenic signals. Significant mass changes of Lake Qinghai have occurred after the launch of the GRACE mission in 2002. The water level of Lake Qinghai has increased by ∼1 m from 2004 to 2012. We try to demonstrate the potential of applying GRACE measurements to detect mass changes in the larger lakes such as Lake Qinghai basin (area size is about 200 km × 200 km, which is smaller than the GRACE footprint size ∼300 km). Spatial averaging kernel is created to isolate the gravity signal of GRACE from the signals outside the lake and minimize leakage effects from the lake. In order to improve the vertical resolution of GRACE, we test three LSMs to select the optimal hydrological model based on LSMs outputs compare with the results derived by GRACE, and LSMs inputs compare with in situ measurements from the weather stations. The monthly simulation of the TWS changes excluding lake storage is used to remove the effects of the water storage adjacent to Lake Qinghai, and in situ measurements of the water level are used to remove the influence of the constructed Longyangxia reservoir dam. Furthermore, we comparatively analyse results of previous studies based on in situ and satellite altimetry measurements, and the GRACEobserved mass anomalies associated with the fluctuation of Lake Qinghai. Finally, we discuss the relationship between the forcing input parameters (i.e. precipitation data and air temperature) of the hydrological model and in situ measurements to assess the performance of an LSM in the study region. Using the residuals of GRACE observations based on GRACE-derived TWS minus the contribution from an LSM and an artificial reservoir, we also examine the signal from the saturated zone, which primarily reflects changes in groundwater. The contribution of this study is to better quantify and understand large changes in lake water storage by integrating several methods. It is possible to improve our understanding of terrestrial water fluxes at a time in which large-scale climatic change is impacting freshwater resources in unpredictable ways.
DATA A N D M E T H O D S

Water level and volume variability in Lake Qinghai
Water-level data were obtained from observations from the Xiashe gauge station ( Fig. 1 ) and satellite altimetric lake heights based off of LEGOS/GOHS data (http://www.legos.obs-mip.fr/soa/ hydrologie/hydroweb/). Time-series of the water level, surface area and volume were obtained from a combination of the satellites Topex/Poseidon, ERS-2, GFO, Jason-1 and ENVISAT (Cretaux et al. 2011) . The water levels in Fig. 2(a) show good agreement between in situ observations and satellite altimetry data, and an annual lake level increasing trend of 0.11 ± 0.03 m yr −1 from 2004 to 2012. To comprehensively interpret the GRACE observations shown in the dashed square of Fig. 1 (GRACE footprint size ∼300 km), the influence of the dam adjacent to Lake Qinghai on water mass must be considered. Unfortunately, although Longyangxia reservoir is the largest reservoir on the Yellow River in China, historical water-level data were not archived and as a result, is not available. Alternatively, water-level records from Longyangxia reservoir are used from two data sources: (1) an in situ water-level measurement study that took place from 2005 to 2012 (Lu 2013) , in which figure of in situ water-level observations in Longyangxia reservoir was shown, (2) water-level data from news reports on the Web portals (see details for the data sources in the Supporting Information), which are used to confirm validity of the first data source. The water-level records in Longyangxia reservoir show both seasonal changes and a well-pronounced peak of water storage during 2005∼2006, with a water-level increasing trend of 0.85 ± 0.50 m yr −1 from 2005 to 2012 (Fig. 2b) .
To compute GRACE-derived time-series of mass change for Lake Qinghai and compare it with the water-level signal from either the altimeter or in situ measurements, it is necessary to derive mass changes in the lake and reservoir based on their height-areavolume relationship. Based on water level, surface area and volume from the LEGOS/GOHS time-series, we derive a linear relationship between height, area and volume changes (Fig. 3a) . Using this height-volume relationship and water level from the Xiashe gauge station, we then infer that volume changes with in situ water-level observations (red dots in Fig. 3c ). There is excellent agreement between those results and LEGOS/GOHS-based volume time-series data. There is also a linear relationship between height and volume changes based on water level and volume data from the news reports of the Longyangxia reservoir (Fig. 3b) . Due to the difficulty of discerning changes in area from news reports, the height-area relationship of the reservoir is estimated using the differences between the adjacent volumes divided by the differences between the adjacent heights (see Supporting Information). Using the heightvolume relationship from Fig. 3(b) , we calculate the volume changes based on in situ water-level measurements from Lu's (2013) work, which is consistent with the published volume results (red dots in Fig. 3d ) from the Yellow River water resources bulletin (available at http://www.yellowriver.gov.cn/other/hhgb/). 
GRACE data
The GRACE mission design makes it particularly useful for TWS mass change studies. GRACE was jointly launched by NASA and the German Aerospace Center (DLR) in 2002 March (Tapley et al. 2004) . The Level-2 gravity products provide complete sets of spherical harmonic (Stokes) coefficients, typically up to the maximum degree/order l max = 120, averaged over monthly intervals. The Level-2 products are generated at several project-related processing centres, such as the Center for Space Research (CSR) at the University of Texas, the GeoForschungsZentrum in Potsdam, Germany and the Jet Propulsion Laboratory in California (for data sources for these three products please see the Supporting Information). The mass estimates (TWS and sea level) demonstrate very good agreement with these three products (Fu & Freymueller 2012; Wahr et al. 2014) . Wahr et al. (1998) showed that time-variable mass changes are confined to a thin layer at the Earth's surface, and discussed the methodology for converting time-variable gravity field coefficients to estimate water storage changes. The changes of vertically integrated TWS as a surface mass density (i.e. mass/area) σ (θ ,φ) can expand as a sum of spherical harmonics and load Love number k l :
Usually, the ratio σ /ρ w is defined as the EWH, where ρ w is the density of water (1.0 g cm −3 ). α is the mean radius of the Earth (α = 6371 km), ρ ave is the average density of the Earth (ρ ave = 5517 kg m −3 ), theP lm is normalized associated Legendre functions and the C lm and S lm are the time-variable components of the (l, m) Stokes coefficients for some month.
In this study, we use monthly sets of spherical harmonics from the GRACE Release 05 (RL05) gravity field solutions generated by CSR, spanning 2003 February to 2012 December. Each monthly GRACE field consists of a set of Stokes coefficients, C lm and S lm , up to degree and order (l and m) of 60. We replace the GRACE C 20 coefficients with C 20 coefficients inferred from satellite laser ranging (Cheng et al. 2013) , and include the computed degree-one coefficients as calculated by Swenson et al. (2008) . The monthly solutions have been filtered applying a Gaussian smoothing operator with an averaging radius of 250 km in order to suppress errors at high degrees (Wahr et al. 1998; van Dam et al. 2007 ). The Stokes coefficients from A et al. (2013) are used to remove the contribution of glacial isostatic adjustments (GIA). The spatial pattern of TWS, shown in Fig. 4 , is obtained from the monthly GRACE mass solutions for Lake Qinghai and the surrounding regions between 2004 and 2012. A positive trend has been identified over the northeastern TP and across the entire study area (Fig. 4a) . It is worth noting that GRACE observations may be very different because applied different smoothing method in study region (Yi et al. 2017) . In this study, Gaussian smoothing method is an effective filter in suppressing noise but GRACE-derived TWS is attenuated when we using Gaussian 250 km filter. Fig. 4(a) . Besides, gravity trend in Fig. 4 implies that other effects may even be larger than that of Lake Qinghai. These facts suggest that we need to remove leakage from TWS adjacent to Lake Qinghai using LSM estimates and the method of spatial averaging kernel. To do this, first we apply an averaging kernel constructed using the weighted convolution approach described in the following section.
GRACE averaging kernel and scaling factor methods
Many applications require estimates of mass variability for specific regions, for instance, in estimating changes in water storage in a given basin. These water storage changes are generally addressed by constructing specific averaging functions optimized for an exact region, as based on the equation below (Swenson & Wahr 2002) :
where region is the angular area of the region of interest, and v(θ, φ) is the basin function constructed by covering the region with a grid of points (e.g. black areas in the dotted box of Fig. 1 , the spatial resolution of grids are 0.01
: 1 inside the basin and 0 outside the basin. Note that the averaging kernel method uses a Gaussian averaging function at each point, and sums those averaging functions because of the finite number of harmonic degrees in the GRACE solution (e.g. l max = 60 for CSR solutions). In this case, the averaging kernel technique based on a weighted Gaussian convolution is used to construct monthly time-series from the GRACE Stokes coefficients (Wahr et al. 2014) , and the generalized equation in (3) can be replaced with:
whereW (θ, φ) is the weighted convolution averaging kernel:
where W (α) is a Gaussian smoothing function at objective region point (θ , φ ), which is defined as centring a function of angle α between (θ, φ) and (θ , φ ). Thus, this function underweights points near the boundary in that a point (θ, φ) close to boundary has points (θ , φ ) on only one side, and then boundary points are covered by fewer Gaussian functions. To reduce underweight effect, Wahr et al. (2014) introduced a convolution weighting function F(θ , φ ) to accommodate non-uniform weighting of the Gaussians, that is, F(θ , φ ) near the boundary should be larger than the interior. The iterative process to find F(θ , φ ) can be found in Wahr et al. (2014) .
In this study, we use a Gaussian radius of 250 km and 20 iterations. We then apply this averaging kernel to the GRACE Stokes coefficients to obtain TWS time-series for Lake Qinghai and the surrounding regions, that is, an averaging kernel is expanded in spherical harmonics (l max = 60), the coefficients of those harmonics can be multiplied by the GRACE Stokes coefficients and summed to determine the region's mass variability (Swenson & Wahr 2002) . In this case, the averaging kernel technique is also limited due to spatial resolution of GRACE data and remains larger than 0 for several hundred kilometres outside the region. The result of averaging kernel is shown in Fig. 5 . This kernel is reasonably uniform within their interest regions, but extends for a distance outside. Thus, the resulting time-series after applying this averaging kernel also includes contributions from outside Lake Qinghai, such as Lake Har, Lake Gyaring and Lake Ngoring (Fig. 5) . Furthermore, the averaging kernel in our study is not constant for the entire Lake Qinghai area, for example, the kernel weight for Lake Qinghai and Longyangxia reservoir is 1, but the weights for the Lake Har, Lake Gyaring and Lake Ngoring are set to 0.4, 0.3 and 0.3, respectively.
For a smaller range spanned by a signal, a smaller mass is needed to generate a fixed EWH change. To recover unbiased mass estimates for this region, a scaling factor method is used to restore the amplitude-damped TWS time-series. This method suggested by Wahr et al. (2014) requires the construction of a set of simulated Stokes coefficients, which represents the signal from a uniformly distributed 1 m water depth change over Lake Qinghai. This gives water volumes of 1/1000 km × area change of × km 2 for Lake Qinghai (i.e. the area changes based on the linear height-area relationship in Fig. 3a) . By applying our GRACE analysis procedure to these simulated Stokes coefficients, we infer the average equivalent water thickness equal to 1.34 cm for Lake Qinghai with an average area of 4298 km 2 from 2004 to 2012. The monthly GRACE estimates of water thicknesses (EWH) are then multiplied by the scaling factor 1 (m)/1.34 (cm) to obtain variations of total water thicknesses per area of Lake Qinghai. Multiplying EWH (cm) by the scaling factor [1/1000 km × area change of × km 2 ] (km 3 )/1.34 (cm) provides the water mass change (km 3 ) in the lake.
Hydrological models
In general, TWS changes mainly depend on temperature variations which cause glacial melting as well as changes in precipitation and evaporation which can be simulated from global water and energy balance models (Syed et al. 2008) . The changes in TWS are related to soil texture, snow and root depth in the case of soil water storage, which can be derived from LSM such as the Global Land Data Assimilation System (GLDAS; Rodell et al. 2004) , the WaterGAP Global Hydrology Model (WGHM; Döll et al. 2003) or the Community Land Model (CLM; Oleson et al. 2013) . However, these LSMs generate different hydrological processes, components of surface water and aquifer storage. For example, the water storage in lakes, reservoirs and wetlands can be only derived from WGHM; however, rivers and naturally occurring groundwater storage can be predicted by WGHM and CLM. Variations in TWS may also be caused by anthropogenic factors, such as water withdrawals for irrigation purposes, dam construction for power generation and navigation (Wang et al. 2011) . These groundwater and reservoir storage changes in TWS can be measured in situ by making measurements of groundwater level and impounded water level. In principle, these processes can cause hydrological variations in addition to mass changes in Lake Qinghai. Fig. 6 compares different hydrologic model simulations in the spatial averaging kernels (Fig. 5 ) from GLDAS/Noah, WGHM and CLM4.5 models after applying the same approach used for processing the GRACE data (i.e. a Gaussian smoothing function and an averaging kernel). While the three model simulations agree in Figure 6 . The above plot shows the changes in water storage from GRACE, GLDAS/Noah, WGHM and CLM4.5 models after Gaussian smoothing and applying the averaging kernel. The WGHM results include the total continental water storage (WGHMall: sum of canopy, snow, soil water, groundwater and surface water), and no surface water contributions (WGHMallsurface does not include water in rivers, lakes, reservoirs and wetlands). Similarly, the CLM4.5 results include all contributions (CLM4.5all: soil moisture, snow, canopy, groundwater and river storage), and no river contributions (CLM4.5all-river: soil moisture, snow, canopy and groundwater storage). The bottom plot shows the monthly precipitation data for weather stations located in phases, the seasonal amplitude of the GLDAS/Noah simulations (red solid curve in Fig. 6 ) is much smaller than that of the WGHM_all (blue dashed curve in Fig. 6 ) and CLM4.5 all (green dash curve in Fig. 6 ) because the GLDAS/Noah model can provide values of snow (snow water equivalent) and multiple soil moisture layers (0-10, 10-40, 4-100 and 100-200 cm), but does not include anthropogenic and climate-driven groundwater changes. The CLM4.5 simulations have even larger seasonal amplitudes than the WGHM outputs due to the differences in the precipitation data set used to force the model. WGHM is forced by a combination of a Global Precipitation Climatology Centre monthly precipitation data sets from 1901 till present, which are calculated from global station data in 1.0
• × 1.0 • global grids (Schneider et al. 2014) , while CLM simulations are forced by precipitation inputs in 2.5
• × 2.5
• global grids from the Global Precipitation Climatology Project, which are bias-corrected using merged satellite-gauge precipitation analyses.
To quantitatively evaluate which LSM fits the best in Lake Qinghai basin, and to identify which LSM solution to employ for further discussion, the relative correlation coefficients of TWS variation between GRACE and LSMs are computed. We also remove LSMderived TWS from GRACE-observed time-series, and compute the reductions of rms (root mean squares) based on the following equation (van Dam et al. 2007) : Table 1 shows the correlation and rms reduction between GRACE and LSMs. The correlation coefficients and rms reduction between GRACE and GLDAS/Noah are 0.60 and 0.20, respectively, which are greater than the results between GRACE and other LSMs (i.e. WGHM all, WGHM all-surface , CLM4.5 all and CLM4.5 all-river ). This fact indicates that GLDAS/Noah is more consistent with the GRACE measurements. Moreover, TWS seasonal variations (at annual periods) and the secular trend observed from LSMs and predicted from GRACE are compared (Table 1) . The LSMs and GRACE-derived trends show rise of 0.06-0.48 cm yr −1 for Lake Qinghai basin, which implies a continuous increase in the water storage in this region. It is clear that the LSMs (not include GLDAS) derived amplitudes are a bit larger than that derived from GRACE, and the differences of phases from LSMs are very small, but these phases are far from the GRACE result. The above discussion suggests that GRACE measurements can sense totalWS, but LSMs cannot. Thus, this will not generally be the case which the amplitude of LSMs (not include GLDAS) is greater than the GRACE data.
More importantly, we adopt GLDAS/Noah as the default model based on the following two reasons: first, our ultimate objective is to obtain an estimate of lake water variability from GRACEderived TWS after the removal of contributions from continental water storage, not including lake and reservoir components. However, since components of TWS outputs from the CLM4.5 all include soil moisture, snow, vegetation canopy storage, channel storage in rivers and unconfined aquifer storage and TWS outputs from the WGHM model include storage variations of water in canopy, snow, soil, groundwater, lakes, wetlands and rivers, these two models are limited to quantifying mass changes in lakes. While we can consider using the appropriate components from CLM4.5 all−river or WGHM all−surface , the GLDAS model is still superior at depicting the interannual variations of hydrological variables, especially when Yi et al. (2017) , which is mainly because of different smoothing method and specific averaging functions. directly compared with water-level time-series and monthly precipitation anomalies in Lake Qinghai (Fig. 6 shows GLDAS/Noah outputs and precipitation data both exhibiting wet years/positive water budgets in 2005, 2007, 2009 and 2012) . Physically, this indicates that both GLDAS modeled outputs and lake water balances are mainly driven by precipitation/evaporation changes in the basin. Therefore, GLDAS/Noah model is used to remove the contributions of soil moisture and snow water equivalents. While hydrological modeling outputs have several uncertainty problems, we have attempted to validate the performance of GLDAS/Noah outputs using the forcing input parameters (i.e. precipitation data and air temperature) from in situ measurements. Please see detailed discussions in Section 4 below.
R E S U LT S
Time-series estimates from GRACE and hydrological model
To compute GRACE time-series for Lake Qinghai and compare them with the water-level signal, we use the following procedure. We construct the averaging kernel for Lake Qinghai using the convolution method, as described above, and apply this averaging kernel to: (1) the destriped GRACE Stokes coefficients, and (2) the GLDAS/Noah Stokes coefficients. We derive monthly time-series of the mass variability for Lake Qinghai's 'basin function' from gridpoints. Fig. 7 compares our GRACE estimates of the TWS variability for Lake Qinghai (dashed black curves), with corresponding time-series estimated from the GLDAS/Noah model. The solid black and red curves show the results after smoothing the data with a 1-yr half-width moving window to remove seasonal and other short-period terms. limited resolution of the GRACE solution. Additionally, since the sensitivity kernel (Fig. 4) is much wider than Lake Qinghai, the GRACE estimates also reflect signals well outside the Lake Qinghai area.
As described in eq. (3), the GRACE-derived totalWS changes are equally sensitive to water mass changes at all depths, ( SurWS, SMS, SnWS and GWS), and include effects from adjacent regions (i.e. artificial reservoirs and other lakes). To isolate the surface water storage contributions, we subtract monthly water storage estimates from the GLDAS/Noah model results, which mainly simulate mass changes of SMS and SnWS at the GRACE average kernel region. After subtracting the GLDAS contributions, the GRACEderived mass changes mainly reflect the TWS from lakes, anthropogenic contributions and groundwater. The anthropogenic impact on mass changes is investigated in the Longyangxia reservoir (blue solid curve in Fig. 8 ). Fig. 8 shows GRACE-derived mass changes after removing the monthly GLDAS/Noah outputs (dashed black curve) and compares this time-series with the previously calculated volume changes based on the linear height-volume relationship and in situ waterlevel observations for Lake Qinghai and the Longyangxia reservoir. The residual signal (GRACE−GLDAS/Noah) after smoothing reveals that there is a long-term increase after 2004, or an average increasing water-level rate of 0.20 ± 0.09 m yr −1 (equivalent to a mass change of 0.86 ± 0.37 km 3 yr −1 ) from 2004 to 2012 (Table 2 ). This demonstrates that deducting GLDAS/Noah outputs from GRACE-derived mass changes relatively has larger amplitude than Lake Qinghai, which does not merely exist in the trend rate ( Table 2 shows the rate of volume is 0.44 ± 0.04 km 3 yr −1 from altimetric/in situ measurements in Lake Qinghai), but also the annual fluctuations. This difference in trends and annual fluctuations could be due to contributions from the TWS from adjacent lakes (i.e. Har, Gyaring and Ngoring) and anthropogenic factors (i.e. Longyangxia reservoir). Table 2 lists the trends for those regions.
Mass change due to the impoundment of the Longyangxia reservoir is also one of the major contributors to the GRACE-derived results. There was an abrupt increase in mass after 2005, which occurred again in 2009 and 2012, and then a slight decrease from 2006 to 2008 (Fig. 8, solid blue curve). The substantial water-level rise in wet years or decrease in dry years is closely associated with [2004] [2005] [2006] [2007] [2008] [2009] [2010] [2011] 0.3 0.12 a GIA contributions were removed using Stokes coefficients from A et al. (2013) . b Equivalent to water thickness (EWH) of 0.27 ± 0.12 cm yr −1 after mass change of 0.86 ± 0.37 km 3 yr −1 divided by scaling factor 4.298/1.34. c Altimetric lake height for Lake Qinghai and Lake Ngoring was provided by LEGOS/GOHS. d Lake area and change rate of Har and Gyaring from Song et al. (2014). dramatic changes in precipitation and evaporation (Song et al. 2014) . We also note that the mass signals inferred from GRACE (after the removal of GLDAS/Noah outputs) minus the Longyangxia reservoir probably overestimate the mass change in Lake Qinghai. This difference, which is discussed above, occurs because of leakage of the adjacent lake and groundwater signals into Lake Qinghai caused by the imperfect GRACE averaging kernel and the limit of vertical resolution.
Estimating errors and accounting for leakage
To understand leakage errors, consider an application where the goal is to use the Stokes coefficients to assess a regional water storage change. For example, suppose a surface mass average is constructed and interpreted as an estimate of water storage variability in some chosen river basin. Leakage errors are caused by gravity signals from outside the basin. For example, GRACE-derived totalWS includes soil, snow, etc. (GLDAS outputs), lakes (Lake Qinghai and others) and groundwater. The goal of this study is to estimate mass variability within a specific region (Lake Qinghai) with no contamination from regions outside. In this case, leakage is an inescapable source of error. The only way to estimate the likely impact of that error is to apply the averaging function to simulated data. This sort of problem commonly arises in time-series analysis. As described above, an averaging function should usually be smoother than the basin function to provide an accurate estimate.
In this paper, we use spatial averaging kernels to isolate the gravity signal from individual regions (i.e. Lake Qinghai), while simultaneously minimizing the effects of GRACE observational errors and of surrounding glacial and hydrological signals. Although the mass trend computed using the GRACE sensitivity kernel is clearly positive from 2004 to 2012, the residual signal (GRACE−GLDAS−Reservoir) also likely reflects mass leakage from areas surrounding the lake. In fact, previous studies have shown accelerated expansion of lakes on the TP in the 2000s (e.g. Song et al. 2014 Song et al. , 2015 . The continued growth trend that appears over Lake Qinghai from the GRACE-derived model presumably includes leakage from the adjacent large-scale lakes. To estimate measurement error from GRACE and quantitatively evaluate leakage effects from land water storage adjacent to Lake Qinghai, we compare the increasing rates of lake volume from the GRACE-derived solution and radar altimetry (Table 2) based on a variable lake area (× km 2 ). It is also important to determine the kernel weight for all lakes in the GRACE averaging kernel region (Fig. 4) .
To obtain mass rates for each lake, we use the results of Song et al. (2014) for lake level and area of Lake Har and Lake Gyaring. Song et al. (2014) also showed a change rate of 0.11 m yr −1 associated with the accelerated expansion of Lake Qinghai, which is in good agreement with our results ( Song et al. (2014) . The most recent studies have suggested that Lake Qinghai is more than 4400 km 2 as measured in 2015, growth that has resulted from the water level rising (http://www.gov.cn/xinwen/ 2016-05/18/content 5074478.htm). In fact, this volume difference is expected based on previous studies that estimated a growth rate of 0.11 m yr −1 associated with accelerated lake expansion, and represents less than a ∼0.01 km 3 expected difference from the latest survey area (4400 km 2 ). Table 2 lists the trends in mass change of these large lakes in the averaging kernel region. The statistical results show the GRACE-derived mass residual trend (the volume rate based on GRACE−GLDAS/Noah−reservoir−Lake Qinghai is 0.14 ± 0.41 km 3 yr −1 under the kernel weight equal to 1), which is similar to the volume trend of adjacent lakes as measured via radar altimetry from 2003 to 2009 (the volume rate is 0.21 km 3 yr −1 based on Lake Har + Lake Gyaring + Lake Ngoring using the kernel weights 0.4, 0.3 and 0.3, respectively). However, leakage errors can also come from time-variable mass anomalies below the basin. Signals below the basin could come from underlying solid Earth (i.e. GIA and tectonic processes) or the saturated zone (i.e. groundwater), and cannot be separated from the GRACE signal even after GLDAS outputs are removed. Details of the analysis of the mass anomalies below the basin are provided in Section 4. (Zhang et al. 2011b ). Other studies have also shown large water level rises in many lakes in the central and northeastern TP in this time period (Song et al. 2014; Wang et al. 2016) . In this study, GRACE-derived results also indicate a notable decrease in water levels in 2004 followed by a significant increase from 2005 to 2006 (black solid curve in Fig. 9 ). During 2005 and 2006, observed average rainfall amplitudes (i.e. red crosses located in Fig. 1 and data from CMDSSS) suggest that the northeastern TP experienced major wet periods in 2005 with rainfall anomalies larger than the previous two years. This result confirms that the abrupt TWS shift in the study region is primarily associated with changes in the water balance controlled by runoff, evapotranspiration and precipitation due to rapid climate changes.
D I S C U S S I
To capture the potentially equally rapid response of the hydrological signal variables during this period, we compare GRACE anomalies with hydrological model results for both Longyangxia reservoir and Lake Qinghai (Fig. 9) . The results show that the abrupt TWS shift in 2005 is due to almost equal contributions from snow water storage, soil moisture storage and surface water reservoir storage (i.e. lakes and artificial reservoirs). While the phase of the change in mass since 2005 in the Longyangxia reservoir does not exactly correspond to other water storage components, this difference can be explained by the fact that the reservoir is controlled by both climatic and anthropogenic factors. Generally, water levels are controlled by the dam on an annual scale to gain the most power generation benefits, maintain adequate water allotment for downstream, and keep at a reasonably low water level to prepare for flood control during the monsoon season.
Clearly, GRACE-derived mass fluctuations reflect variations in the total water balance of the lake and its surrounding areas due to the limited resolution of the GRACE solutions (l max = 60) and the Gaussian filtering, which might cause leakage effects. Therefore, the increased rate of the GRACE-derived mass change is greater than the water level rise. This result confirms that the spatial averaging kernels can isolate the gravity signal of individual regions and minimize the effects of GRACE observational errors. However, there is still a need to use complementary models or in situ observations to eliminate the influence of hydrological, GIA and tectonic processes (e.g. crustal uplift and thickening, see Section 4.2).
GWS, GIA and tectonic processes
Another important component of water storage estimates from GRACE is the groundwater contribution to TWS. Groundwater processes act as a low-pass filter for precipitation, allowing longer term signals associated with climate change to appear in the groundwater record. Groundwater signals are also particularly susceptible to anthropogenic changes, for example, aquifer pumping to obtain water for agricultural and urban use, and groundwater infiltration from irrigation. Because few large-scale LSMs include groundwater storage, and fewer still include anthropogenic effects, contributions such as these cannot be extracted from models. Thus, time-variable satellite gravity measurements offer a means of monitoring this variability. GWS is estimated in this study by GRACE-derived mass change after removing the mass contributions from GLDAS/Noah, Longyangxia reservoir and Lake Qinghai (Fig. 10) .
In order to validate the results in this study, we compare our GRACE-based GWS estimate with yearly groundwater measurements of whole Qinghai province from the Qinghai Water Resources Bulletin, 2005-2012 (QHWRB, available at: http://www.qhsl. gov.cn/NewShow.aspx?id=46420) and with field measurement data of precipitation anomalies (e.g. in situ rainfall amount from weather stations from CMDSSS). Besides the significant mass changes discussed above, there is also a complicated signal in the GRACE-derived results induced by GIA and tectonic vertical movements in the TP. In this study, we have removed possible effects of GIA using the Stokes coefficients computed by A et al. (2013) , which are based on the ICE5G ice history and the VM2 viscosity profile (Peltier 2004) . The contribution of GIA is about 1.7-1.9 mm yr −1 in the spatial averaging kernels. Zhang & Jin (2013) showed that the uplift rates of GIA range from 1 to 2 mm yr −1 in most parts of the TP. The GIA effects computed by A et al. (2013) (assuming a compressible Earth and considering polar wander feedback, degree-one terms and a self-consistent ocean) are in good agreement with the results of Zhang & Jin (2013) based on four global GIA models and four regional models. The last ones estimate the GIA uplift rates for various ice sheet and viscoelastic Earth models. Although the predicted effects from these models are small (<2 mm yr −1 in the TP), a large uncertainty still exists because the volume of the late Pleistocene ice sheet is highly speculative. Therefore, the uncertainties of GRACE-derived results in Lake Qinghai include error from the GIA correction.
The TP is also influenced by various tectonic processes, leading to an ongoing uplift, large crustal deformation and thickening and active seismicity due to its collision with the Indian plate (Tapponnier et al. 2001) . At the front of the collision zone, South Tibet is significantly affected by all these processes (Yi et al. 2016a) . Previous studies (e.g. Sun et al. 2009; Chen et al. 2016) have shown a regional gravity change of −0.2 to −0.6 ± 0.05 and −0.66 ± 0.49 μGal yr −1 associated with ground uplift and crustal thickening, respectively, in South Tibet. Therefore, the long-term gravity change related to tectonic movements likely contributes negatively to the current GRACE-derived mass increase determined in this study. However, most studies have focused on gravity changes and deformations in the HMA, while only a few have systematically investigated the entire plateau, especially the northeast. Gravity change in eastern Tibet was found to be 0.32 ± 0.08 μGal yr Yi et al. (2016b) after removing signals from Qinghai Lake, soil moisture and glacier melt. Their results imply that tectonic process due to a crustal flow may cause a positive gravity trend, but they also point out that uncertainty in the gravity trend greatly impedes a refined understanding of the interior dynamics. In this study, we ignore the tectonic processes impacts on gravity change in TP, and assume the long-term gravity change revealed by GRACE data is mainly because of the mass increase. Thus, the error of Lake Qinghai mass estimate includes effect of tectonic processes.
Assessing the performance of GLDAS/Noah
Various studies try to use LSM outputs to improve the vertical resolution of GRACE. In this study, the GLDAS/Noah model is used to estimate the contributions of soil moisture and snow water equivalent in TWS compartments to separate the GRACE-derived TWS for the purpose of quantifying mass change in Lake Qinghai. Thus, uncertainty in our estimated results from GRACE is largely affected by the amount of uncertainty from the GLDAS/Noah model outputs. Because the GLDAS model does not simulate groundwater and river channel storages (Rodell et al. 2004) and is not calibrated against field measurements, water storage estimates predicted by the GLDAS/Noah are probably overestimated or underestimated. To attempt and minimize LSM end-product uncertainty, the model forcing inputs (e.g. precipitation and temperature) can be compared with in situ measurements, to help assess and improve those models.
In this paper, we investigate whether there are significant observed differences in spatial distribution and in the time-series between the GLDAS/Noah input forcing data and available field measurements. The Nash-Sutcliffe efficiency (NSE) coefficient calculated as follows is used to evaluate the degree of statistical agreement between GLDAS/Noah results and in situ measurements.
Where in situ i is the in situ observed data, GLDAS i is the forcing inputs of GLDAS/Noah, n is number of measurements and in situ average is the average of in situ i (from 2003 January to 2012 December). Ideally, the optimal value for the NSE indicating perfect agreement is 1.0. Fig. 11 shows the monthly average rainfall observed from the weather stations (Fig. 11a) and extracted from the GLDAS forcing rainfall data (Fig. 11b) in the northeast TP. Note that the in situ rainfall and air temperature data set are calculated from 2472 stations into 0.5
• × 0.5 • grids, with horizontal resolution higher than that of GLDAS forcing inputs (1.0
• × 1.0 • ). Over the study region (black dotted box), the amplitude of monthly rainfall from in situ data is approximately 40 mm month −1 , which is larger than rainfall from GLDAS estimated at approximately 25 mm month −1 . This comparison shows that the GLDAS model may underestimate the true TWS signal in this area. The rainfall time-series for the selected basins are displayed in Fig. 11(c) . The correspondence between the in situ and GLDAS is also reflected in the NSE coefficient (0.82). Fig. 11(c) shows an excellent agreement with phases between the two types of data, but the amplitude is different in the summer of each year. Fig. 12 shows the average monthly air temperature from in situ observations (Fig. 12a) and GLDAS forcing rainfall data (Fig. 12b) in the northeast TP. There is clearly excellent agreement with air temperature observations over the study region, as can be seen in Fig. 12(c) , which shows good consistency between the amplitudes and phases of the air temperature data from weather stations and GLDAS model, reaching a high NSE value of 0.95.
Analysis of rainfall and temperature data suggests that the differences in forcing precipitation are likely to be the main cause for GLDAS underestimation of the actual storage changes in summer months. Precipitation amount and timing have an important impact on surface water storage. In response to the anomalously large precipitation amounts in 2005 (Fig. 11c) , the GRACE timeseries shows TWS increase (Fig. 9) . We also find that precipitation in this region exhibits strong interannual variability, with high precipitation around 2007 and 2012 again. In fact, LSMs are the best available tools for making long-range predictions of both natural and anthropogenic TWS variability. Differences in TWS between GRACE and GLDAS are attributed in part to differences in precipitation input. Although not demonstrated in this study, the use of corrected LSM outputs based on in situ data will provide more accurate results when these outputs are used to refine the vertical and horizontal resolutions of GRACE, which will in turn reduce the uncertainty in GRACE-based estimates of mass changes from lakes.
C O N C L U S I O N S
Lake Qinghai plays a crucial role in maintaining the ecological health and water balance of the great river basins in the TP. Its behaviour reflects water dynamics associated with long-term trends in regional and global climate change. In this study, we develop a simple framework to estimate water storage variations in the Lake Qinghai region while simultaneously minimizing the effects resulting from uncertainties of GRACE observations and other factors related to surrounding hydrological signals. The regional mass increase in Lake Qinghai is estimated from GRACE-derived TWS, hydrological model and reservoir water-level data from 2004 to 2012. The obtained results are compared with different data sources to improve the horizontal and vertical resolutions of GRACE data. The main conclusions are as follows.
(1) We select three LSMs (GLDAS/Noah, WGHM and CLM4.5) to quantitatively assess which LSM fits the best in Lake Qinghai basin. Our findings indicate that the GLDAS/Noah hydrology model is a relatively optimal hydrological model. The GLDAS/Noah model depicts the interannual variations of hydrological variables better than the other two models tested (WGHM and CLM4.5) when the correlation coefficients and rms reduction of TWS variation between GRACE and LSMs are compared. We also find that the differences in precipitation between in situ observations and GLDAS forcing inputs are likely to be the main cause for GLDAS underestimating the actual storage changes in summer months. To improve the performance of a wide range of LSMs, we suggest finding sufficient forcing parameters via in situ measurements, which allows us to accurately calculate the simulations when we combine GRACE and LSMs to monitor one of the components from TWS.
(2) After subtracting supplementary effects (e.g. soil moisture and snow) predicted by GLDAS/Noah, the mass increase rate of the GRACE-derived EWH is calculated to be 0.27 ± 0.12 cm yr −1 from 2004 to 2012, which is equivalent to the volume 0.86 ± 0.37 km 3 yr −1 and higher than the result derived from radar altimetry and in situ estimates of the mass increase rate in Lake Qinghai (a volume of 0.44 km 3 yr −1 based on the water-level rate of 0.11 m yr −1 ). The estimates in this study reflect the total mass signals from surface and subsurface water storage, including lakes, reservoir and groundwater.
(3) We demonstrate that the abrupt changes in water storage from 2004 to 2006 and the long-term storage increase from 2005 are mainly due to the fast expansion of Lake Qinghai, the impoundment of Longyangxia reservoir, and other changes in water storage signals simulated by GLDAS/Noah. When comparing with available observations in Longyangxia reservoir, we observe that the phases of mass change since 2005 do not exactly correspond to other water storage components, because Longyangxia reservoir is controlled by both climatic and anthropogenic factors.
(4) The difference between GRACE estimates and altimetry data indicates that the residual signal (GRACE−GLDAS/Noah− reservoir−Lake Qinghai) likely reflects the mass leakage from the regions surrounding the lake, or the hydrology model does not include all contributions due to the limited spatial resolution of GRACE. We quantitatively evaluate the leakage from the adjacent lakes (i.e. Har, Gyaring and Ngoring) and groundwater contributions. The statistical results show that the GRACE-derived mass trend is close to the sum of the volume trend from radar altimetry and in situ measurements, and the annual fluctuations of residual signal closely resemble to the yearly groundwater mass changes from QHWRB during 2005-2012. Finally, this study demonstrates whether water storage variations in individual regions (i.e. Lake Qinghai far smaller than the spatial resolution of GRACE) can be monitored by GRACE, while we simultaneously minimize the effects resulting from uncertainties of GRACE observations and other factors related to the surrounding TWS signals. We should clarify that the uncertainty in the TWS trend of Lake Qinghai is greatly affected by the error of each contributors to the GRACE observation including leakage error, GIA and tectonic processes error, uncertainty of GLDAS/Noah, and effect of GWS. These contributing factors probably limit the accuracy in the estimation of TWS in small spatial coverage.
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